Abstract. The fact that plant invasions are an ongoing process makes generalizations of invasive spread extraordinarily challenging. This is particularly true given the idiosyncratic nature of invasions, in which both historical and local conditions affect establishment success and hinder our ability to generate guidelines for early detection and eradication of invasive species. To overcome these limitations we have implemented a comprehensive approach that examines plant invasions at three spatial scales: regional, landscape, and local levels. At each scale, in combination with the others, we have evaluated the role of key environmental variables such as climate, landscape structure, habitat type, and canopy closure in the spread of three commonly found invasive woody plant species in New England, Berberis thunbergii, Celastrus orbiculatus, and Euonymus alatus. We developed a spatially explicit hierarchical Bayesian model that allowed us to take into account the ongoing nature of the spread of invasive species and to incorporate presence/absence data from the species' native ranges as well as from the invaded regions. Comparisons between predictions from climate-only models with those from the multiscale forecasts emphasize the importance of including landscape structure in our models of invasive species' potential distributions. In addition, predictions generated using only native range data performed substantially worse than those that incorporated data from the target range. This points out important limitations in extrapolating distributional ranges from one region to another.
INTRODUCTION
Invasive species constitute one of the major threats to native organisms and the natural ecosystems they inhabit (Wilcove et al. 1998) . As a result, there is great incentive to be able to predict the establishment and spread of invasive species across the landscape. However, the task of generating accurate predictions is fraught with difficulties. Most predictions are based on knowledge of the climate in which a species is already present and then extrapolating to other locations. However, often data are inadequate (i.e., presence-only data or false absences [random or niche-based generation of absence data]) and in most cases, because invasive species are far from equilibrium with their new environment, information based on their current distribution may not represent their full potential for spread. As a consequence, predictive models are difficult to calibrate and evaluate for reliability. The appropriate spatial scale and set of explanatory variables seem to vary from species to species and from one invaded region to another. Indeed there has been little attempt to examine invasion processes across multiple scales (e.g., Meyerson and Mooney 2007) . To address these uncertainties we have developed potential distribution forecasts of invasive plant species using a comprehensive approach that takes into consideration a broad suite of explanatory variables and scales that may influence plant invasions.
Currently, most predictions of future spread of plant species use a ''climate envelope'' approach (e.g., Lasch et al. 2002 , Matsui et al. 2004 , Hijmans and Graham 2006 in which projected future distributions are based on the current climate in the species' native range. But species distributions are defined by the complex interactions of biotic and abiotic factors (e.g., Sobero´n and Peterson 2005, Sobero´n 2007 ). Although at times climatic regimes may be the only source of information, forecasts from climate envelopes are limited; they ignore the complexity of historical and environmental factors that also contribute to a species' distributional range (e.g., Broennimann et al. 2007 , Sobero´n 2007 , Moles et al. 2008 . For example, landscape structure has played an important role in the spread and colonization patterns of invasive plants (e.g., Chabrerie et al. 2007 , Melbourne et al. 2007 , Theoharides and Dukes 2007 . Beyond introducing new species, humans have aided plant invasions by creating corridors for their dispersal and by promoting disturbances that may be key to their establishment (see reviews by Lin et al. 2006 , Vila`et al. 2007 . Current distributions of invasive species frequently reflect historical land use patterns (Vila`et al. 2003 , Dome`nech et al. 2005 , DeGasperis and Motzkin 2007; E. S. Mosher, J. A. Silander, Jr., and A. Latimer, unpublished manuscript) , emphasizing the role of human activities in the spread of invasive species. Therefore, incorporating the configuration of the landscape should be a priority in models forecasting future invasions. Finally, explanatory variables are not necessarily simply additive (Pearson et al. 2004, Meynard and Quinn 2007) ; climate, land use, and other habitat factors will likely interact to affect the establishment of alien species. Dependable forecasts of future spread of invasive species will then be only achieved through a comprehensive approach that incorporates at each relevant scale the major factors shaping the invasion process.
In the case of the New England states of the northeastern United States, one-third of the vascular plant flora is nonindigenous, of which 3-5% are invasive (Mehrhoff 2000) . These alien species constitute a major threat to the preservation of the natural regional vegetation (Farnsworth 2004 ) and significantly affect the local economy (Barton et al. 2004 , Wang et al. 2006 . Despite growing concern and attempts at control, management of known aggressive invaders has not kept pace with the number of new incursions into the northeastern United States, nor indeed elsewhere in the world (Mack et al. 2000 , Mehrhoff et al. 2003 , Westbrooks 2004 , Stokes et al. 2006 , Herron et al. 2007 ). Most states do not have funds to control the majority of the known populations, let alone detect new ones. Thus, given the limited financial and human resources, optimizing early detection and control efforts is crucial to prevent further damage from invasive species. For that, managers need dependable predictions to inform them where these species are most likely to establish, grow, and become focal points for further spread.
Our focus here is then to forecast where, in the New England region, three invasive plant species could establish and increase in abundance as successful invaders. We do not intend to predict the propagule pressure and movement patterns that lead to successful invasions, a very complicated task on its own. Instead we want to ask, if propagules are available, could a particular invasive species establish and successfully colonize the area? And then, what are the characteristics of areas that have the potential of being invaded? For that we have developed predictable, spatially extensive outcomes that can be adapted or modified for use in invasion systems elsewhere. We focus on three spatial levels, incorporating the factors affecting invasive species establishment and spread at each scale. First, at a regional level, our predictions will reflect the broad tolerance limits of each species to the regional climate. Second, at the landscape level, taking into account the structure and composition of the landscape, our analyses will inform us about those land use attributes that promote the growth and spread of the invaders. Third, at the local level, local site characteristics, such as local habitat/community type and canopy openness, will inform the in situ establishment conditions that favor colonization of invasive species. We made use of three extensive presence/absence data sets, one from the invaded region and two from part of the native range, a region climatically similar to New England. These constituted one of the most complete presence/absence records used to estimate potential distributional ranges of plant species.
We aim to answer the following questions: (1) What are the climatic limits for the spread of our focal species across the region? (2) Given the current climate, which are the most vulnerable areas in the region? (3) What types of land uses facilitate invasions? (4) Which landscape structures are more resistant to invasions? (5) At a local scale, which are the habitats favored by particular invasive species? By addressing all these issues simultaneously we expect to produce reliable forecasts of potential distributions, thus providing direct guidelines for the early detection and management of three invasive plant species.
METHODS

Study region
The region of New England extends .160 000 km and A2). Forests currently cover more than threequarters of the region; the vegetation ranges from oakhickory forest in the south to spruce-fir forest towards the north, interior, and higher elevations. In southern New England most forests have regenerated over the past 150 years from pastures and croplands (Foster 1992; E. S. Mosher, J. A. Silander, Jr., and A. Latimer, unpublished manuscript) . Forests in the far north are also the result of regeneration after successive rounds of logging activities (Dibble et al. 1999) . The introduction of alien species into the region has been common since the first European settlements (ca. 1620). Many of these plants were actively planted for economic and ornamental uses (Herron et al. 2007 ).
Species analyzed
To implement our model of potential distribution of invasive plant species, we selected three woody invasive species common in New England for which we have abundant data. One species from the Berberidaceae family, Berberis thunbergii DC, Japanese barberry, and two species from the Celastraceae family, Celastrus orbiculatus Thunb., oriental bittersweet, and Euonymus alatus (Thunb.) Siebold (synonym E. alata), winged euonymus or burning bush (see Plate 1). These are species native to East Asia, being very minor components in the local communities where they are found (Table 1 ). All were introduced in the United States in the last half of the 19th century (Mehrhoff et al. 2003) and were reported to be naturalized early in the 20th century. Although their spread is still an ongoing process Klepeis 1999, Mehrhoff et al. 2003) , we believe the field data we have gathered is sufficient to allow modeling of future expansion across the region. The three species can be found in habitats ranging from full sun to full shade, and they all produce birddispersed fruits, indicating that they are habitat generalists and can be rapidly dispersed. And, unlike in their native range, the three species show considerable local dominance in the New England plots (Table 1) .
Berberis thunbergii is a deciduous shrub native to Japan and China, where it typically grows across a wide variety of soil and light conditions in sparse, scattered populations in the forest understory or occasionally larger populations in open sites (Yamanaka 1975 , Jarvis and Helin 1993 , Mogi et al. 2000 . It has spread across the northern half of the eastern United States and has been reported in all the New England states, being very common in the southern and western parts of the region (Fig. 1, Table 1 ). Although it seems to colonize new areas after disturbances, especially after agricultural abandonment (E. S. Mosher, J. A. Silander, and A.
Latimer, unpublished manuscript), it is highly shade tolerant and can form dense thickets under the forest canopy, out-competing the native vegetation Klepeis 1999, Mehrhoff et al. 2003) .
Celastrus orbiculatus is a deciduous woody vine native to East Asia (Japan, Korea, and China), where it occurs most commonly along forest edges, but is occasionally found in the forest interior (Mogi et al. 2000; J. A. Silander, Jr., personal observation) . It grows across all of the eastern United States. Its presence in the region is concentrated in the south and the coastal areas, with a few northern incursions (Fig. 1, Table 1 ). It favors forest edge habitats with full sun exposure, but C. orbiculatus can be also found under dense shade ). It grows upon any type of support, producing major damage to native plants by girdling and by causing branches to break under its weight (Mehrhoff et al. 2003) .
Euonymus alatus is a deciduous shrub that can grow up to 2.5 m. It is native to northeastern Asia (Japan, Korea, and central to northeastern China), where it tolerates a wide variety of soil and light conditions and is a fairly common understory shrub (Yamanaka 1975 , Mogi et al. 2000 . In the United States it is found from northern Florida to Maine and west to Iowa. In New England it is mainly found in the southern part of the region (Fig. 1, Table 1 ). It can grow in a variety of soil types and forms dense thickets that outcompete the native vegetation (Mehrhoff et al. 2003) .
Data
We have used a combination of invasive species presence/absence data from the region for which we are making predictions, New England, and from a substantial part of their native range: two independent data sets in Japan. Invasive range data provided greater information of the indirect factors that also affect invasions spread (e.g., enemy release, hybridization), and native range data allowed us to consider most of the climatic conditions for which we were making predictions. To avoid all the issues associated with presence data only (e.g., Guisan and Zimmermann 2000 , Elith et al. 2006 , Lu¨tolf et al. 2006 we purposely decided to work with presence/absence data sets only. For these species we have found such data only in part of their native ranges, i.e., Japan. To make sure the data we used (i.e., New England and Japan) would be sufficient to make predictions across the New England region, we compared the climatic ranges that each data set covered with that of the predicted area. Our three data sets cover the full range of values found in New England for each climatic variable (Table 2 ). There are only a few points in New England that do not correspond to a climatic combination found in the Japanese data (Appendix: Fig.  A1 ). Our predictions extrapolate into this area only slightly beyond the range of climatic combinations included in the analysis. We do not believe we were limited by using only these data sets, instead of using all the presence data available for the native range. Indeed our predictions are not dependent upon just New England or just Japanese data, but borrow strength in inference from information on both native and invasive range data. That is, although we are estimating parameters for each region, these parameters are being informed by all the data available. Few distributional studies have such complete records of presence/absence data as these (Gelfand et al. 2005a , Elith et al. 2006 , Latimer et al. 2006 .
Plant invasions in New England and elsewhere in the world are an ongoing process; invasive species have probably not spread to their full potential, and this is an issue we have to take into consideration in our models (Peterson 2005 , Cook et al. 2007 . In this study, by incorporating presence/absence data from the native range, we add information on the species tolerance limits with respect to climate. On the other hand, the data from the region of invasion let us incorporate the species-specific responses to regional landscape attributes and to any other local environmental variables (biotic or abiotic) that might also influence the invasive process. Specifically we have linked key climate variables with land use/land cover (LULC) data and fieldcollected site-specific data (i.e., local habitat type and canopy closure). Thus, the species responses to climatic conditions inform tolerance limits and climate preferences. Results inferred from the LULC data provide insights into the finer scale landscape attributes that promote or have promoted plant invasions in the region. Estimates with respect to local habitat type and canopy closure allowed us to quantify the suitability of particular sites for the establishment of these invasive species.
Species presence/absence data.-Data from the invaded range comes from the Invasive Plant Atlas of New England (IPANE) project (Mehrhoff et al. 2003) . IPANE was initiated in 2001 to evaluate the status of invasive plants in New England and to gather field data on their spread. To date, information on the occurrence and site properties of invasive plant species have been documented by a group of more than 500 volunteer citizen-scientists at ;4500 locations across the six New England states. Volunteers record geo-referenced presence/absence and abundance data on the 110 most common invasive and potentially invasive plants in the region. A primary focus of the volunteers is to gather data as evenly and representatively as possible across the whole region, including null sites. All data are vetted by IPANE scientists and corrected or censored if needed and made available online for public use. Presence/absence data for species distributions in Japan comes from two independent sources: (1) the Phytosociological Releve´s Database (PRDB) (Tanaka et al. 2005 , Tanaka 2007 ), which contains .7500 releve´plots grouped at ;10-km 2 grid scale resolution, collected by many authors following a consistent method (Braun-Blanquet 1964) across Japan, and (2) presence/absence data collected on a grid across Nagano Prefecture (the Nagano Flora data set: Kanai and Shimizu [2006] , with 638 records at ;5-km 2 grid scale resolution); this data set intensively samples a much smaller area than PRDB, but it includes a sufficiently steep elevation gradient to incorporate most of the climatic conditions found across the PRDB data.
To validate our results we used independently collected herbarium specimen data for the three species in the region of New England (Mehrhof et al. 2003) . We had available a total of 216 herbarium records for B. thunbergii, 106 for C. orbiculatus, and 69 for E. alatus (Mehrhof et al. 2003) .
Climate data.-We use long-term climate averages for New England and Japan downloaded from the WorldClim database (Hijmans et al. 2005) . Climate data at a 30-s (;1-km grid) resolution was paired with each of the IPANE sampled locations and averaged for each of the Japanese grid cells (PRDB and Nagano). We chose Worldclim as the climate data source because it provides comparable data across different regions of the world. After exploratory analyses and several trial runs (results not shown), of the 19 climatic variables available, we selected five that seemed ecologically most relevant in affecting the degree of invasion (i.e., plant growth, survival, and reproduction; Pino et al. 2005) . Reducing the number of variables did not affect the predictive power of the models and allowed us to avoid the use of highly correlated variables (e.g., mean annual temperature is highly correlated to other temperaturerelated variables but does not inform much on potential limiting conditions). The variables included were: (1) mean maximum temperature of the warmest month, (2) mean minimum temperature of the coldest month (both of which inform us about the tolerance limits of each species with respect to temperature), (3) annual precipitation, (4) precipitation seasonality (i.e., coefficient of variation in precipitation along the year, which illustrates how evenly rainfall is distributed across the year), and (5) precipitation of warmest quarter (which provides a proxy for dryness during the summer months). Maps predicting potential spread of the invaders were generated using climate data from the same source at a 5-min spatial scale (;10 km). Table 2 (and Appendix: Fig. A3 ) shows the range of climatic conditions associated with the IPANE data set, Japan, and New England, the region for which predictions are being generated. These data point to a broad overlap in the climate conditions between Japan and New England.
Land use/land cover data.-We downloaded the most recent (2001) New England land use/land cover (LULC) data derived from 30-m resolution Landsat Thematic Mapper and Landsat Enhanced Thematic Mapper satellite imagery available from NOAA (2007). For tractable modeling, the original 23 LULC categories were collapsed into six terrestrial classes: (1) developed, (2) deciduous and mixed forests, (3) evergreen forests, (4) crops, (5) scrub/shrubland, and (6) pastures and grasslands (Appendix: Fig. A2 ). Also included were road data from the Census 2000 Topologically Integrated Geographic Encoding and Referencing (TIGER) database of the U.S. Census Bureau (2007) . We estimated percent cover of each LULC category and length of roads (in kilometers) within circles with 1-km and 10-km radii around each field-sampled location, using ArcGIS version 9.2 (Environmental Systems Research Institute, Redlands, California, USA) and Hawth's Tools (Beyer 2004 ). This provided landscape-level information on the heterogeneity surrounding each sample point (e.g., the percentage that was developed, in agriculture, forested, in grassland, etc.) rather than the detailed LULC characteristics of the specific sample points.
Habitat and canopy closure data.-In addition to presence/absence of the target species, IPANE volunteers gathered data on habitat type and percentage of canopy closure (Mehrhoff et al. 2003) at each site surveyed. This provided local, site-level attributes. The original 31 habitat types were grouped in eight categories: (1) edge, (2) deciduous and mixed forests, (3) evergreen forests, (4) open wetlands, (5) closed canopy wetlands, (6) marine influence, (7) abandoned, and (8) others (this would include all the sites that were not defined by any of the original 31 types). Canopy closure data was recorded as an ordinal four-level variable in which the canopy closure ranged from 0 to 100 in increments of 25%.
Model development
We combined the IPANE data set (species presence/ absence, canopy closure, habitat type) with climate and LULC in constructing a hierarchical Bayesian (HB) model to predict potential distributions of target species (cf. Gelfand et al. 2005a , b, Latimer et al. 2006 Fig. 2) . The HB approach is appropriate in that it provides for the specification of uncertainty in model components, as well as the predictions, and accepts data from multiple sources (Lavine et al. 2002 , Berliner et al. 2003 , Wikle 2003 , Clark 2005 . In addition, HB models allow us to incorporate heterogeneity in data collected at different spatial and temporal scales, and more importantly, it permits us to deal with the fact that the spread of recently introduced species is an ongoing process.
The presence/absence of each invasive species ( y) has been recorded at each point location i across the New England landscape (Fig. 1) . If the species is present, y ¼ 1; if absent, y ¼ 0. The probability of being present at each location i is then described as a Bernoulli process with probability p i 3 w i . Parameter w i indicates the probability that the species has arrived in the landscape around location i (e.g., within a 1-25 km radius of the location), regardless of whether it is present or not at i; this is a spatially explicit, estimated parameter. Parameter p i reflects the probability that the species would be present if the species has arrived in the neighborhood landscape, i.e., the probability of establishment. The parameter p can thus be thought of as describing ''suitability'' of a site, given certain environmental conditions, and the parameter w as the availability of propagules of the species in the regional neighborhood, a larger-scale, spatial characteristic. These two parameters are then combined into a likelihood for the observed presence/absence data:
in which the species has: (1 À w i ), not arrived near i; (1 À p i ), arrived near i but is not present; or ( p i w i )
, is present in i. The parameter w is equal to 1 for presences; in the case of an absence, w is estimated with a spatially explicit logistic regression model, logit(w i ) ¼ l þ / i , where l is an overall parameter for each species (i.e., species level) defining w, l ; N (0, 100), and / are plotlevel spatial effects described by a conditional autoregressive model, in which locations nearby are more similar than those far away:
for each location i if j is a neighbor of i (i.e., within some radius of i), b ij ¼ 1; otherwise b ij ¼ 0. We examined radii of 1, 5, 10, and 25 km. Making this parameter w spatially explicit allows us to take into account any spatial autocorrelation that may be inherent in our data; that is, neighbors are more similar to one another than two points far apart. The probability that a species is present at a particular location, p i , given that the species has arrived in the neighboring landscape, is related through a logistic regression to the environmental covariates:
X is the matrix of N 3 k covariates values (i.e., climate, LULC, canopy closure, and habitat) at each of the N locations, and b is a vector of k coefficients, where b k ; N (0, 10, 000); b also included an intercept term estimated for each region. The error term was estimated as e i ; N (0, s À1 e ) and s e ; Gamma(0.01, 0.01). Looking at the sample covariance matrix for climate and LULC variables, we found no strong correlations. Thus we decided to estimate the associated b coefficients independently, rather than adding interaction effects. This also facilitated the addition of presence/absence data from the native range in Japan for which we have only associated climate.
When including the three data sets, New England-IPANE, PRDB, and Nagano (Fig. 2) , we estimated region-specific climatic coefficients, cb, from a common prior distribution (cb mean ). This allowed us to use native range data (PRDB cb and Nagano cb) to inform the climate tolerance limits of our species while still estimating climate-related parameters representative of the invasive range in New England (New England cb), i.e., we estimated fixed-effects coefficients associated with climate for each region: 
Canopy closure data, which were available in an ordinal format (ordered categories), were sampled for each location from noninformative distributions. At each iteration of the model run, canopy closure was drawn from a uniform distribution with limits set by the ordinal level of the data, e.g., if canopy closure was recorded between 0 and 25%, the value included in the analysis, cc, was sampled from cc i ; Uniform(0, 25). Habitat data were incorporated as categorical variables, and fixed coefficients, b, were estimated for each of the eight types.
Thus the suite of explanatory parameters b, their means, variances, and the covariance matrix associated with them, can be used to make predictions for the entire New England region based on climate, landscape-level LULC, and local habitat and canopy closure levels.
To test the effects of adding data sets from the native range and to evaluate the role of including covariates other than climate (i.e., LULC and site characteristics) we estimated the probability of establishment, p, for different models and compared the results: model 1, New England climate only; model 2, Japan (PRDB and Nagano) climate only; model 3, New England and Japan (PRDB and Nagano) climate only; model 4, New England and Japan (PRDB and Nagano) climate, New England LULC, and New England site characteristics (habitat and canopy closure).
The full model (model 4) is then posterior:
Pðb; cb; cb mean ; /; l; X cb ; s e ; s / j y; X; bÞ likelihood:
Bernoulliðy i j p i w i Þ priors:
MVNðcb Region j cb mean ; X We used posterior mean values of the parameters b to generate potential distribution maps for the entire region. Predictions for New England were done on the basis of local climate and, depending on the model, of LULC characteristics; maps were generated at a 5-min (;10 km) scale. Because of the cumbersome task of producing estimates under all types of habitats and canopy closures that we considered, mapped predictions were done for the most favorable habitat type for each species (to show their full potential for spread) and under the average canopy closure for our data (37%). These set values for habitat type and canopy closure did not interfere with the overall forecast based on climate and LULC.
Model selection and validation
The model was written in OpenBUGS 1.4 (Thomas et al. 2006 ). We tried model variations that included different sets of covariates, e.g., different combination of some of the original climate variables provided by WorldClim. We also ran the model at two spatial scales, at 1 and 10 km landscape neighborhood radii around the sample locations for the LULC data. In some of the runs, we incorporated, as an additional explanatory variable, the number of kilometers of road in this circular landscape neighborhood. We compared the different submodels and selected the one with the set of covariates that best fit the data (comparison not shown).
With respect to the different sources of data included in the final runs (models 1-4), model selection was based on how well the predictive distributions fitted the IPANE data (applicable to models 1, 3, and 4; model 2 did not include the New England data set). Because deviance information criterion, DIC, could not be calculated for this combined likelihood ( p 3 w) model, we chose the model that minimized the posterior predictive loss function (PPL; Gelfand and Ghosh 1998) . Here the cost of selecting the wrong model is the error sum of squares; therefore, models with lower PPL better fit the data. Models were run for 150 000 iterations, and convergence of the posterior means of the estimated parameters was assessed from multiple chains with different initial conditions and Gelman and Rubin's R, as modified by Brooks and Gelman (1998) , where convergence is assumed when R is close to 1. Preconvergence ''burn-in'' iterations (;50 000) were discarded in the calculation of the parameters.
Because we are predicting where these species could grow and not just where they are currently growing, validation of our results is difficult. The spread of invasive species is an ongoing process. In areas where colonization has not yet taken place, we are not able to compare our predictions with actual or reliable presence/absence data. Given these limitations, we are nevertheless able to evaluate the accuracy of our forecasts by comparing potential distribution maps generated from our analyses with independently collected herbarium specimen data (Mehrhof et al. 2003) .
Herbarium records constitute species presence-only data, and although they would not help us to assess overprediction, it would allow us to evaluate whether we are under-predicting the potential suitability of an area for any species. Here we geographically matched the probability that the species could establish, ''p,'' with the herbarium records and estimated the percentage of those records having p estimates above 0.5. Models with a large percentage of herbarium records in areas of high probability of establishment would provide evidence that the models are not underpredicting potential distributions.
RESULTS
Model selection and validation
Our climate-only models (1, 2, and 3) included the five climatic variables described in Methods: Data: Climate data. We ran model 4 (climate, LULC, habitat, and canopy closure) with LULC data at two landscape-level scales, 1-and 10-km areas around each point. There were no major differences between scales in the outcome; however, the model using the 10-km scale had slightly lower posterior predictive loss (PPL); having the same number of parameters, the 10-km neighborhood LULC landscapes fit the data better. Adding road length did not improve the predictability of our models (number of kilometers of road is highly correlated with percentage of developed area, which we included as a LULC variable in the analysis); we thus decided to exclude this variable from the final runs. To estimate the probability that the species had arrived in the landscape around each location (i.e., parameter w) we tried several neighborhood radii, 1, 5, 10, and 25 km around each location. A 10-km neighborhood radius provided the best estimates of w (analyses not shown).
Model fits (based on PPL) for three of the four tested models are shown in Table 3 , as are the results of model validation with the independently collected herbarium data. Posterior predictive loss was reduced, that is, the fit of the model improved, with the inclusion of additional climate data sources (model 3) and neighborhood LULC and local site covariates (model 4). For this last model PPL values dropped considerably, indicating a much better fit than any of the other models (Table 3) . For all three species, model 4 predicted presence/absence data across New England best. When validating our forecasts using the independently collected herbarium data, we found all the models that included New England climate data (models 1, 3, and 4) predicted herbarium records much better than model 2, which only included presence/absence data from the native range in Japan. In general, no single model performed much better than the others in forecasting herbarium records, although with the exception of model 2, all models predicted high probability of establishment ( p . 0.5) for more than 50% of the herbarium records (Table  3 ). For B. thunbergii, model 4 predicted the highest percentage of herbarium points in areas with high probability of establishment, p, although it did not substantially differ from model 3. In the case of C. orbiculatus, all models except for model 2 predicted high probability of establishment for .90% of the herbarium records. For E. alatus, models 3 and 4 predicted .85% of herbarium records, while model 1 predicted only 68% of occurrences. Herbarium data allowed us to validate our estimates of high probability of establishment. To be able to validate predictions of low establishment for species that are moving into a new area, one would have to carry out extensive transplant experiments with these species, a highly controversial issue in the case of invasive species.
Site suitability
Climate.-Climate variables were the most important variables in determining the suitability of a site among all those included in our analyses (Fig. 3) . To compare the magnitude of the effect that each covariate included in the analysis had on the probability of establishment, we multiplied their associated b coefficient with the average value of the variable, e.g., annual precipitation cb 3 average annual precipitation (Fig. 3) . Model 4, which best predicted the data, demonstrated a significant contribution of all climate variables to the probability of establishment for all three species (Table  4 , Fig. 3 ). High summer temperatures, maximum temperature during the warmest month, had a positive influence on B. thunbergii and E. alatus while having a negative effect on C. orbiculatus (Table 4, Fig. 3 ). Warmer winters, as measured by minimum temperature during the coldest month, exerted a positive influence on the probability of establishment for all three species (Table 4) . High annual precipitation rates decreased the Notes: Low posterior predictive loss (PPL) values indicate a better model fit of the data. Predictive loss was not calculated for model 2 because it did not include New England data. Model validation was determined by herbarium occurrences falling in areas with a predicted probability of establishment .0.5. probability of establishment for B. thunbergii and E. alatus and were favorable for C. orbiculatus. Similar patterns were found for precipitation seasonality (Table  4) . High precipitation during the warmest quarter increased the probability of establishment for all three species.
Land use/land cover.-Not all LULC classes contributed significantly to explaining the presence or absence of our studied species (Table 4, Fig. 3 ). In the case of B. thunbergii, landscapes dominated by developed areas and/or croplands were associated with areas of low incidence, while regions with evergreen forest and shrublands, and to a lesser extent deciduous forests and pastures, favored its presence. We found a quite different pattern for C. orbiculatus, with landscapes dominated by developed areas and evergreen forests having a positive effect on presence, while the prevalence of all other LULC classes in the landscape had a FIG. 3 . Posterior mean parameter estimates for each of the three species tested. The magnitude of the terms (coefficient 3 mean variable 6 SD) represents the relative contribution of the variable to the estimation of the probability of establishment. ''LULC'' stands for land use/land cover. negative effect (Table 4 ). The presence of E. alutus was associated with landscapes in which developed areas, deciduous forests, or pastures were abundant, but not with areas having a large proportion of croplands (Table  4) .
Habitat and canopy closure.-With respect to local site conditions, B. thunbergii strongly preferred deciduous forest and closed canopy wetlands (Table 4, Fig. 3 ). Celastrus orbiculatus was more commonly associated with edge habitats and abandoned or open spaces (Table  4 , Fig. 3 ). Euonymus alatus was more of a generalist without a distinctive preferred habitat, although it was favored in edges, deciduous forests, and closed canopy wetlands (Table 4, Fig. 3) . In relationship to the light environment, B. thunbergii preferred shaded sites, while C. orbiculatus preferred more open canopy sites (Table  4) . Euonymus alatus was again more of a generalist with respect to shade conditions (Table 4) .
Predicting potential distribution
Predicted potential distributions were generated by combining parameter estimates for New England with regional climate (Appendix: Fig. A1 ) and LULClandscape data (Appendix: Fig. A2 ) with average canopy closure (mean value among our data points, 37%) and estimates for the most favorable local habitat: deciduous forest for B. thunbergii and E. alatus and edge for C. orbiculatus. Predicted potential distribution, parameter p, enclosed most sites for which we had presence data and also forecasted new areas where each species is predicted to thrive (Figs. 4, 5, and 6 ).
Climate models.-Models that included all three distributional data sets (models 3 and 4) (New England-IPANE, and Japan [PDBR and Nagano]) generated better predictions, with respect to input data, than those with data from only the invaded (model 1) or native (model 2) ranges (Table 3, PPL) . Model 2, which used only native range data, proved to be a poor predictor of the species distribution in their invasive range (New England), where the probability of establishment did not surpass the 0.1-0.2 levels; this is reflected in the flat predicted maps (Figs. 4, 5, and 6) . However, the addition of the Japanese data expanded the climatic limits of B. thunbergii in New England (Fig.  4 , models 1 and 3) and considerably improved herbarium data predictions for E. alatus in the southern part of the region (Table 3 , model validation; Fig. 6 , models 1 and 3).
Land use/land cover, habitat type, and canopy closure.-The addition of landscape and site-related covariates into our models had a profound influence on the predicted distributional ranges for these species (Figs. 4, 5, and 6, model 4) . Under this modeling scenario, distributions of B. thunbergii and C. orbiculatus are predicted to spread to northern and interior areas of the region. This is also true, to a much lesser extent, Note: Values in boldface indicate b coefficients for which the 95% credible interval does not include zero and which were then considered statistically significant. for E. alatus. Uncertainty in our predictions (SD for the probability of establishment) was also plotted for this model (Figs. 4, 5, and 6 ). Higher uncertainty in the estimates of p are associated with the transition from high to low observed occurrence areas, likely associated with the vanguard of the invasive spread.
DISCUSSION
In this study, we have based our forecasts of future distribution of invasive species on the assumption that climate will delimit their potential ranges, but we also recognize the effect that landscape-level land use, local habitat, and canopy closure have on the invasive process. Indeed, for the three species we have examined, land use classes and habitat types figure prominently in explaining their current and potential distributions (see maps for model comparison; Figs. 4, 5, and 6). These results show that predictions based only on climate variables (models 1, 2, and 3) are limited and do not reflect the complexity associated with the invasion process or plant species distributions in general (Pacala and Hurtt 1993 , Pearson and Dawson 2003 , Sobero´n and Peterson 2005 , Iba´n˜ez et al. 2006 .
Successful invasions are the result of a combination of propagule availability with subsequent establishment, growth, survival, and reproduction in suitable environments (Jerde and Lewis 2007) . Most work on invasive species focuses on studying only one of these components. However, these are species-specific processes and in some cases site-and time-specific. Propagule pressure may change through time (Lockwood et al. 2005 , Martinez-Ghersa and Ghersa 2006 , Epstein and Molofsky 2007 , and the window of opportunity that leads to successful spread may also vary in time and space (E. S. Mosher, J. A. Silander, Jr., and A. Latimer, unpublished manuscript) . As a consequence, successful forecasts of the spread of newly introduced species are rare and fraught with difficulties.
In this study we asked, if propagules arrive in a region, will a given invasive species establish and develop stable populations? We predicted the future spread of three common invasive plants to answer this question using a comprehensive approach that modeled FIG. 4 . Predicted potential distributional range of Berberis thunbergii for each of the four models tested: model 1, New England climate; model 2, Japan climate; model 3, New England and Japan climate; model 4, New England and Japan climate, New England land use/land cover, and New England site characteristics (habitat and canopy closure). Also included is the uncertainty in the probability of establishment (SD) associated with model 4. Blue dots represent the independent herbarium records.
potential distributions as a function of several environmental covariates, i.e., climate, LULC, habitat, and canopy closure. While it is not possible to fully validate our predictions in areas where the species have not yet arrived (e.g., northern New England), comparisons between our predictions and independently collected herbarium records give us confidence that our predicted distributions produce realistic patterns of potential invasions.
Climate limits and vulnerable areas
Climate is the major regulator of plant ranges and abundance, acting through their physiological tolerance to particular temperature and precipitation regimes (Woodward 1987) . We found that although our study species seemed to prefer environments in which winters were warmer, harsher conditions will not strongly limit their spread to areas beyond their current ranges (Figs. 4, 5, and 6) . Indeed, conditions in their native ranges indicate that these species can tolerate climates beyond where they currently are found in their introduced ranges (Table 2 ; Appendix: Fig. A3 ; see also Yamanaka 1975) . Regression-tree model analysis (Breiman et al. 1984) performed on the three species using the PRDB data set and four climate variables (winter precipitation, summer precipitation, minimum winter temperature, and warmth index [Tanaka et al. 2006; N. Tanaka and I. Tsuyama, unpublished data] ) indicated that minimum winter temperature is the most influential climatic variable explaining the Japanese distribution of B. thunbergii and E. alatus and second for C. orbiculatus after winter precipitation. For the invaded region of New England, annual precipitation was the most influential variable for the three species, followed by summer temperature in the case of C. orbiculatus and E. alatus and by summer precipitation for B. thunbergii (Table 4) .
In New England, higher summer rainfall favored establishment of the three species, while site suitability was reduced by higher annual precipitation for B. thunbergii and E. alatus. This pattern might occur because summer precipitation enhances survival (see Yamanaka [1975] for corroborating evidence) and growth while overall annual precipitation may exert a negative effect on survival via snowpack accumulation. All three species benefited from warmer temperatures in both winter and summer. Thus, a point to have in mind FIG. 5 . Predicted potential distributional range of Celastrus orbiculatus for each of the four models tested: model 1, New England climate; model 2, Japan climate; model 3, New England and Japan climate; model 4, New England and Japan climate, New England land use/land cover, and New England site characteristics (habitat and canopy closure). Also included is the uncertainty in the probability of establishment (SD) associated with model 4. Blue dots represent the independent herbarium records.
is that climate warming may open additional niches for these invasive species (Ward and Masters 2007) .
Using climate-based models that incorporated the IPANE data (models 1 and 3), we identified areas in northern New England prone to invasions by B. thunbergii (Fig. 4) . These areas, although colder, have lower annual precipitation, which favors establishment. These climate models also predict a northeasterly expansion of E. alatus (Fig. 6 ) in a narrow band, being limited by high rainfall in the south, by winter temperatures in the north, and by precipitation seasonality. Conversely, using climate only, C. orbiculatus (Fig.  5 ) distributions are predicted to have already reached their northern climate limits.
The effect of combining information from the two ranges was particularly effective for B. thunbergii, lowering predictive loss, thus a better fit of the data, and expanding predictive distributions northward (Fig.  4, models 1 and 3) . However, while the addition of native data to C. orbiculatus also improved the model fit, the northern extent of potential distributions was restricted (Fig. 5, models 1 and 3) . We found a similar pattern for E. alatus, with a potential range that contracted in the north, but expanded south (Fig. 6 , models 1 and 3). Although predictions based on native range data alone (model 2) were rather uninformative, these data did increase the reliability of our final models when combined with invasive range data using a hierarchical analysis.
Plant invasions in the landscape
Beyond introducing new species, humans have aided plant invasions by creating dispersal corridors and by promoting disturbances that may be key to their establishment (e.g., Mack and D'Antonio 1998) . The role of human intervention in the spread of one of our studied species, B. thunbergii, has been documented by other studies (DeGasperis and Motzkin 2007; E. S. Mosher, J. A. Silander, Jr., and A. Latimer, unpublished manuscript) . In both studies, current distributions have been linked to past land abandonment, thus most of B. thunbergii spread took place in former agricultural lands before the growth of secondary forests. Here, by incorporating the human effects on the landscape through the use of LULC classes (model 4), we expected to increase the reliability of our predictions (Pearson et al. 2004) . Inclusions of such effects in our models was particularly relevant in the case of New England, where FIG. 6 . Predicted potential distributional range of Euonymus alatus for each of the four models tested: model 1, New England climate; model 2, Japan climate; model 3, New England and Japan climate; model 4, New England and Japan climate, New England land use/land cover, and New England site characteristics (habitat and canopy closure). Also included is the uncertainty in the probability of establishment (SD) associated with model 4. Blue dots represent the independent herbarium records.
landscape is characterized by a mosaic structure in which developed, agricultural, and forested areas are highly mixed together (Appendix: Fig. A2 ) and into which past, present, and future invasions occur.
Our results corroborate the importance of the surrounding landscape in predicting the spread of invasive plants; forecasts changed markedly once landscape-level variables were taken into account. These results also suggest that landscapes may contribute differently to the success of different species. For instance, B. thunbergii and E. alatus thrived in forested neighborhoods, while C. orbilulatus was frequently found in areas with considerable human influence. Why these patterns occur is probably explained by a complex combination of environmental and speciesspecific factors, such as seed dispersal, repeated introductions, historical land uses, competitive ability, etc. We used the structure of the landscape as a very rough proxy for these factors, and it allowed us to achieve more reliable forecasts than those from models based only on climate.
A ''climate envelope'' model would not have predicted successful colonization of certain areas or would have overestimated their potential in other areas. Our most relevant finding is the high probability of future establishment for B. thunbergii in the northern range of the region and the scattered expansion into the same areas by C. orbiculatus and to a lesser extent by E. alatus (Figs. 4, 5, and 6, model 4) . This increase in probability of establishment in areas where the climate might be suboptimal was enhanced by the more suitable landscapes. Thus, the combination of a suboptimal climate with a favorable landscape structure resulted in an increase in predicted establishment probability. On the other hand, areas in the south that were climatically very suitable became less so once LULC data was included. Similar patterns, in which the inclusion of land cover significantly improved the explanatory power of the climatic model, have been reported for native species in Britain (Pearson et al. 2004) and Europe (Thuiller et al. 2004 ). In our case, these results emphasize how critical it is to include landscape structure into predictive models of invasive species spread.
Finally, by modeling the combined effects of climate and landscape-level LULC we are estimating how they affect establishment as a whole. That provides us with a tool to evaluate how future changes in climate and/or LULC could shape plant invasions if conditions were to change, as has been forecasted.
Favorable habitats for invasions
The majority of invasive plants are able to grow in a variety of habitats (Baker 1965 , Richards et al. 2006 , Herron et al. 2007 ), but become faster growers, more prolific reproducers, and more successful competitors only under certain conditions (Pino et al. 2005, Grotkopp and Rejmanek 2007) . Thus, identification of those particular conditions is crucial information in the prioritization of populations or areas that should be targeted in control and early detection efforts. We found that the most favorable habitats vary among our three invasive species, emphasizing the idiosyncratic nature of (Table 4) .
Although identification of the most favorable habitat for these species will help focus searches for new incursions and optimize eradication efforts as they spread, invasive species encounter new environments, both biotic and abiotic, characteristic of each location. Propagules may reach an area where the climate is favorable, but the context of the local community may not be suitable for establishment. Because interactions with native plants, predators, herbivores, and soil microbes, among others, play a role on the successful establishment of a new species (Iba´n˜ez et al. 2006 (Iba´n˜ez et al. , 2008 , the importance of experimental studies examining the effects of varying establishment factors and new biotic environments on the invasive process must be recognized (Vila`et al. 2007) .
Among the new conditions ecosystems are experiencing, increasing levels of atmospheric carbon dioxide (CO 2 ) might also have a relevant role in species distributions. Rising CO 2 levels may confer additional advantages to already aggressive invasive plants by enhancing their growth and/or also by allowing them to grow under more extreme low-light or arid conditions (e.g., Poorter 1993 , 1998 , Ha¨ttenschwiler and Ko¨rner 2003 , Mooney et al. 2006 , Mohan et al. 2007 . If this is the case, the consequences for natural and semi-natural ecosystems could be disastrous. We did not account for changes in habitat preference that could take place under elevated CO 2 and increasing nitrogen deposition, limiting the accuracy of our predictions; however, once available, data from experimental studies could easily be incorporated into our models.
Conclusions
Our overarching goal was to identify geographic areas prone to plant invasions and the thresholds that might limit further spread and thus provide predictions to optimize early detection and control efforts. We believed that only a comprehensive approach that takes into consideration the key factors promoting invasions would allow us to reach such a goal. The combination of distributional data from both the native and introduced ranges allowed us to expand predictions across greater climatic regions while still encompassing a variety of indirect factors as well as ecological and evolutionary differences between the native and invasive ranges (e.g., enemy release, hybridization, etc.). The multiscale data structure and the hierarchy of the model we followed allowed us identify the primary factors shaping the invasion process at each nested spatial scale (region, landscape, and local). Incorporating climate data from several sources informed the tolerance limits of each species and provided us with maps of potential distributions of the invasive plants at a regional scale. By incorporating LULC data we found that species are likely to colonize areas with suboptimal climatic conditions if the landscape is sufficiently favorable. This allows us to identify, at the landscape scale, locations with higher potential for infestation, as well as sites resilient to the establishment of alien species. With information at the local scale we were able to recognize the habitats that most likely support the study invasive species. And most importantly, the models developed here can be modified for use in other systems and in other regions, contributing to a global effort in early detection and habitat risk assessment of invasions.
